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Mixed mode designs are receiving increased interest as a possible solution for saving costs in
panel surveys, although the lasting effects on data quality are unknown. To better understand
the effects of mixed mode designs on panel data we will examine its impact on random and
systematic error and on estimates of change. The SF12, a health scale, in the Understanding
Society Innovation Panel is used for the analysis. Results indicate that only one variable out of
12 has systematic differences due to the mixed mode design. Also, four of the 12 items overes-
timate variance of change in time in the mixed mode design. We conclude that using a mixed
mode approach leads to minor measurement differences but it can result in the overestimation
of individual change compared to a single mode design.
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1 Introduction
Continuing decreases in response rates, economic pres-
sure and technological advances have motivated survey
methodologists to find new solutions for non-response and
saving costs. Combining multiple modes of interviews (e.g.,
telephone, face-to-face, web) has been proposed as a possi-
ble solution. This design strategy has also been considered
in longitudinal surveys. In the UK, for example, the Na-
tional Child Development Study 2013 has used a Web Self-
Administered Questionnaire–Computer Assisted Telephone
Interview (CATI) sequential design while Understanding So-
ciety (Couper, 2012) and the Labour Force Survey (Merad,
2012) are planning a move to a mixed mode design. Al-
though these are exciting opportunities for innovation in sur-
vey methodology they also provide a number of unique chal-
lenges.
Some of these challenges refer to the need for research
regarding the effects of mixed modes on selection, measure-
ment and statistical estimates. This is even more urgent in the
case of longitudinal surveys as they face specific challenges
such as attrition, panel conditioning or estimating change. In
the absence of research regarding the potential interactions of
these characteristics with mixed mode designs it is not pos-
sible to make informed decisions about combining modes in
longitudinal surveys. For example, applying a mixed mode
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design may increase attrition which, in turn, may lead to
loss of power and, potentially, higher non-response bias (e.g.,
Lynn, 2013). Similarly, changing the mode design may bias
comparisons in time or estimates of individual change. If
such effects are present in the data, the potential benefits of
saving costs may be eclipsed by the decrease in data quality.
In order to tackle these issues we will firstly analyze the
effect of using a mixed mode design on random and system-
atic errors in a panel study. This will be done in the wave
in which the mixed mode design is implemented and in sub-
sequent waves in order to estimate both the direct and the
lasting effects due to mode design. Secondly, we will show
how mixing modes influences estimates of individual change
in time. The analysis will be based on the first four waves
of the Understanding Society Innovation Panel (UKHLS-IP).
These data were initially collected using Computer Assisted
Personal Interview (CAPI) but they also included a CATI-
CAPI sequential design (De Leeuw, 2005) for a random part
of the sample in wave two (McFall, Burton, Jäckle, Lynn,
& Uhrig, 2013). The Short Form 12-item Survey (SF12)
health scale (Ware, Kosinski, Turner-Bowker, & Gandek,
2007) will be used to evaluate the mode design effects.
Previous research on mixed mode designs has concen-
trated on two main approaches: one that compares modes
(e.g., CATI versus CAPI) and one that compares mode design
(systems) (e.g., CATI-CAPI versus CAPI, Biemer, 2001).
In the present paper we will use the latter method by tak-
ing advantage of the randomization into mode design in the
UKHLS-IP. Thus, the results will compare mixed modes (se-
quential CATI–CAPI) to a CAPI single mode design, show-
ing mode design effects, as opposed to researching mode ef-
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fects, which would be based on a comparisons of CATI and
CAPI that confound measurement and selection.
The paper will present next the main theoretical debates
and current research about the two modes included in the de-
sign, CAPI and CATI, and mixes of the two. Then, the data,
the UKHLS-IP, and the analysis procedure, equivalence test-
ing in Structural Equation Modeling, will be presented. The
paper will end with a presentation of the results and a discus-
sion of their implications.
2 Background
There is a vast literature that compares CAPI and CATI
which focuses on two main aspects: selection (i.e., coverage
and non-response) and measurement effects (see De Leeuw
& van der Zouwen, 1988; R. M. Groves, 1990; R. Groves &
Kahn, 1979; Schwarz, Strack, Hippler, & Bishop, 1991, for
an overview). Due to the data collection design used here we
will ignore the debate regarding coverage differences. Using
multiple modes in longitudinal studies means that the sam-
pling frame is less problematic as it is possible to use the
contact information available in other waves or modes. Thus,
this section will concentrate on non-response and measure-
ment differences.
An important aspect that differentiates the two modes is
the perceived legitimacy of the survey (Tourangeau, Rips, &
Rasinski, 2000). This may have an impact both on nonre-
sponse, people having a lower propensity to respond when le-
gitimacy is low, and measurement, causing higher social de-
sirability. Here CAPI has a slight advantage through the use
of picture identification badges, written literature and oral
presentations given by the interviewer (R. M. Groves, 1990).
On the measurement part, it is unclear which mode leads to
bigger social desirability bias. While CAPI has a slight ad-
vantage in legitimacy, disclosure to the interviewer may be
easier on the phone due to higher social distance. Previous
research on the topic of these modes and social desirability
has been mixed (W. S. Aquilino, 1992; W. Aquilino, 1998;
Greenfield, Midanik, & Rogers, 2000; R. Groves & Kahn,
1979; Hochstim, 1967; Holbrook, Green, & Krosnick, 2003;
Jäckle, Roberts, & Lynn, 2010)
Additionally, satisficing (J. Krosnick, 1991), the tendency
not to engage in thorough cognitive processing of the ques-
tions and answers from the survey, may also be different be-
tween the two modes. This has two main causes: cognitive
burden and motivation. CATI is, on average, conducted at a
faster pace (R. Groves & Kahn, 1979; Holbrook et al., 2003;
Schwarz et al., 1991), thus increasing the burden on the re-
spondent. Also, the absence of visual cues, like showcards
or body language, translates into an increased burden com-
pared to CAPI. Furthermore, the motivation can be lower
in CATI (Holbrook et al., 2003) as social distance is larger
and break-offs are easier. These three phenomena lead to
a larger satisficing in CATI compared to CAPI. This effect
can be observed in more random errors, straightlining, ’Don’t
Know’s’, acquiescence and other mental shortcuts (J. Kros-
nick, 1991) and has been found in previous research focused
on comparing the two modes (e.g., Holbrook et al., 2003;
J. A. Krosnick, Narayan, & Smith, 1996).
Looking at the overall differences between the two modes,
face-to-face and telephone, some consistent results have been
found. Face-to-face surveys tend to have slightly higher re-
sponse rates and smaller non-response bias when compared
to telephone surveys (W. S. Aquilino, 1992; Biemer, 2001;
De Leeuw & van der Zouwen, 1988; R. Groves & Kahn,
1979; Voogt & Willem Saris, 2005; Weeks, Kulka, Lessler,
& Whitmore, 1983). When analyzing effects on measure-
ment most studies find small or no differences at all (W.
Aquilino, 1998; De Leeuw & van der Zouwen, 1988; Green-
field et al., 2000), with some exceptions (e.g., Biemer, 2001;
Jäckle et al., 2010).
These theoretical and empirical differences between face-
to-face and telephone modes can become manifest when
mixed mode designs are applied. Nevertheless, the way the
modes are combined, as well as the decision of modes to be
used, can make potential biases harder to predict and quan-
tify. Thus, literature comparing mode designs has found in-
conclusive results. For example, Link and Mokdad (2006)
have shown that combining CATI with web or mail can lead
to higher response rates compared to a single mode CATI de-
sign. Similarly, Voogt and Willem Saris (2005) have found
that combining multiple modes of interview leads to an in-
crease in response rates. These results have not been always
replicated. Martin and Lynn (2011) have shown by using data
from an European Social Survey experiment in the Nether-
lands that a single mode CAPI design achieved a 52% re-
sponse rates as opposed to 45% for a sequential mixed mode
design and 46% for a concurrent one. Also, Olson, Smyth,
and Wood (2012) have found no differences between single
mode mail or CATI designs compared to mail and web mixed
mode approach. Looking at non-response bias Klausch, Hox,
and Schouten (2015) have found that while a CAPI followup
can decrease selection bias in some situations, such as in the
case of a CATI or a mail survey, it may be less effective in
others, such as in the case of a web sample.
Focusing on measurement differences in the context of
mixed mode surveys M. Révilla (2010) shows that for some
scales, such as social trust, there is no difference between
single and mixed modes approaches while for others, such
as media and political trust, there are. The results are fur-
thermore complicated in the case of the satisfaction dimen-
sion that shows differences both between the two types of
data collections and between the two types of mixed mode
designs, concurrent and sequential. Nevertheless the differ-
ences are not as large as expected, being smaller than the dif-
ferences between the methods used (M. Révilla, 2010). Simi-
larly, Klausch, Hox, and Schouten (2013) have found signif-
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icant differences in data quality between self-administered
and interviewer modes but not between CAPI and CATI
within a mixed mode survey.
2.1 Mixing modes in longitudinal studies
As mentioned in the introduction, longitudinal studies are
different from other surveys in a number of ways. Three main
characteristics stand out: attrition, panel conditioning and es-
timates of individual change. These may, in turn, interact
with the mixed mode design. Currently there is very limited
research regarding these possible interaction effects.
The first specific challenge when collecting repeated mea-
sures from the same individuals is attrition. While this can
be considered a specific type of non-response error, it has
a number of unique characteristics: it is based on a more
stable relationship between survey organization/interviewer
and respondent, and there is the possibility of using previ-
ous wave information both for adapting data collection, and
for non-response adjustment. The differences between cross-
sectional (or first wave) non-response and attrition appear in
previous research in this area (P. Lugtig, Das, & Scherpen-
zeel, 2014; Watson & Wooden, 2009). This phenomenon can
be complicated when combined with a mixed mode design.
For example, Lynn (2013) has found that two different mixed
mode designs using a CATI-CAPI sequential approach led to
different attrition patterns, both compared to each-other and
to a CAPI single mode design.
A second issue specific to longitudinal studies is panel
conditioning. This process takes place when learning or
training effects appear due to the repeated exposure of the re-
spondents to a set a questions/topics. This, in turn, results in
an increase over time in the reliability and consistency of re-
sponses (Sturgis, Allum, & Brunton-Smith, 2009). Applying
mixed mode designs in panel surveys makes this measure-
ment effect unpredictable, as it may interact with the new
mode or the way in which the modes are mixed. Presently
there is only limited information on how panel conditioning
may interact with the mixed mode design. Cernat (2014)
has showed that switching from a CAPI design to a CATI-
CAPI sequential approach does not change patterns of reli-
ability and stability, indicating that panel conditioning may
not interact with a mixed mode design. Nevertheless, more
research is needed to see if this is true using different ap-
proaches for measuring conditioning in longer panel studies
and for different combinations of modes.
Lastly, panel surveys are especially developed to estimate
individual changes in time for the variables of interest. Pre-
vious literature has showed that change coefficients are less
reliable than the variables that compose them (Kessler &
Greenberg, 1981; Plewis, 1985). Their estimation is even
more complicated in the case of longitudinal studies that ei-
ther use a mixed mode design from the beginning or change
to such a design in time. Any differences confounded with
the new mode(s) or the mixed mode design will bias esti-
mates of change in unknown ways. So far there is no research
on this topic.
3 Data and methodology
In order to investigate the impact of mixing modes on data
quality and estimates of change in panel data we will be us-
ing the Understanding Society Innovation Panel. The data is
representative of the UK population (England, Scotland and
Wales) over 15 and the sampling frame is the Postcode Ad-
dress File. Here only the first four waves of data (collected
one year apart starting from 2008) will be used. The con-
ditional household response rates were 59% (1,489 house-
holds), 72.7% (1,122 households), 66.7% (1,027 households)
and 69.9% (916 households), respectively, for each of the
four waves. The conditional individual response rates were:
84%, 84%, 79% and 79.4%. The fourth wave added a re-
freshment sample of 960 addresses by applying the same
sampling approach. The household response rate for this
sample was 54.8% (465 households) while the individual re-
sponse rate was 80.1% (for more details: McFall et al., 2013)
.
The UKHLS-IP was developed to explore methodological
questions based on experiments. One of these randomized
2/3 of the sample to a CATI-CAPI sequential design, while
the other 1/3 participated in a CAPI single mode design in
the second wave. For the rest of the four waves all respon-
dents participated using a CAPI single mode design. Ap-
proximately 68% of the respondents in the mixed mode de-
sign responded by telephone, while the rest did so using the
face-to-face (McFall et al., 2013). Overall, the response rates
for the mixed mode design were significantly lower than in
the single mode design: 73.9 vs. 65.6 (N=2,555) in wave
2, 65.2 vs. 59.8 (N=2,521) in wave 3 and 57.1 vs. 54.0
(N=2,506) in wave 4 (for more details: Lynn, 2013).
The UKHLS-IP included a large number of topics, from
household characteristics to income sources and health rat-
ings. In order to evaluate the impact of the mixed mode
design on measurement errors and estimates of change the
SF12 will be analyzed. This scale is the short version of the
SF36 and has a wide range of applications, both in health
research, and in the social sciences (Ware et al., 2007). The
questions and the dimensions/subdimensions that they rep-
resented are summarised in Table 1. For exact wording and
response categories refer to the Appendix
In addition to the fact that the SF12 is widely used and,
thus, research based on it would prove useful in a range of
fields, analyzing it has some extra advantages. Firstly, it is a
scale that is backed up by theory and has been widely tested
before. As a result, using it will highlight how mode de-
sign differences impact both reliability and validity. Addi-
tionally, the scale measures a relatively intimate topic, which
may lead to increases in social desirability. This may give
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Table 1
The SF12 scale measures physical and mental health and is
based on eight initial subdimensions measured in SF32.
Subdimension Code Abbreviated content
Physical dimension
General health SF1 Health in general
Physical funct. SF2a Moderate activitySF2b Climbing several flights
Role physical SF3a Accomplished lessSF3b Limited in kind
Bodily pain SF5 Pain impact
Mental dimension
Role emotional SF4a Accomplished lessSF4b Did work less carefully
Mental health SF6a Felt calm and peacefulSF6c Felt downhearted & depressed
Vitality SF6b Lot of energy
Social funct. SF7 Social impact II
us insight in the ways in which the different mode designs
may influence aspects such as legitimacy, social distance and
trust. Lastly, the scale has both positively and negatively
worded questions, which would make differences in acqui-
escence (i.e., the tendency of selecting the positive answer)
more obvious (Billiet & McClendon, 2000).
3.1 Equivalence testing
The previous section has revealed that the main focus of
mixed modes research is to find causal effects of mode or
mode design systems. This can be done either with specific
statistical models or with (quasi-)experimental designs. The
present paper applies the latter approach in order to measure
causal effects of mode design. Due to randomization to mode
design we are able to compare the single mode design to the
mixed mode design without having to use statistical mod-
els for selection. The remaining task is to compare the two
groups. In order to do this we will utilize Structural Equa-
tion Modeling (SEM, K. Bollen, 1989). In this framework,
statistically testing differences in coefficients across groups
is called equivalence testing.
This approach can be used to compare measurement mod-
els across groups. The Classical Test Theory put forward
by Lord and Novick (1968) decomposes the observed items
into true scores and random errors. Further development has
added to this model systematic errors such as method effects
(Campbell & Fiske, 1959; W. Saris, Satorra, & Coenders,
2004; W. E. Saris & Gallhofer, 2007), social desirability
(Holtgraves, 2004; Tourangeau et al., 2000) or acquiescence
(Billiet & Davidov, 2008; Billiet & McClendon, 2000). Us-
ing multiple measures of the same dimension (Alwin, 2007),
it is possible to estimate the theoretical concept using a latent
variable with Confirmatory Factor Analysis (CFA). In this
framework the loading (or slopes) linking the latent variable
and the observed variable is the reliability, while the inter-
cepts are the systematic part (van de Vijver, 2003).
This model can be further extended to categorical ob-
served variables. In such a model a continuous, latent re-
sponse variable is assumed to exist which determines the ob-
served categories in the data. The answer categories are de-
termined by the relationship between the continuous latent
variable and a set of threshold parameters, the number of
these coefficient being one less than the number of response
categories (for further elaboration see Millsap, 2012).
This model can be incorporated in a Multi Group Confir-
matory Factor Analysis when comparing more groups using
equivalence (Byrne, Shavelson, & Muthén, 1989; Meredith,
1993; Millsap, 2012; Steenkamp & Baumgartner, 1998; van
de Schoot, Lugtig, & Hox, 2012). Previous research using
this approach has focused on three types of equivalence that
can be further extended. The first type is called configural
equivalence. If this type of equivalence is found in the data,
the structure of the measurement model (i.e., the relation-
ships between latent variables and observed scores) is simi-
lar across groups. This can be made more restrictive by as-
suming metric equivalence, thus implying that the loadings
are equal between the groups analyzed. Theoretically, this
means that part of the reliability/random error is the same.
Furthermore, the model can also assume that the intercepts
are equal across groups, leading to scalar equivalence. This
step implies that part of the systematic error is the same
across groups. Only when this last type of equivalence is
found can the means of the latent variables be meaningfully
compared. These three types of equivalence can be extended
by constraining more parts of the measurement model to be
equal. These can be: the variances of random error, the vari-
ances of substantial latent variable, correlations between la-
tent variables or the means of the substantive latent variable.
The procedures used in equivalence testing of multiple
groups can also be applied in the case of ordinal variables.
Here, the thresholds will be constrained equal across groups
in order to test for scalar equivalence, instead of intercepts.
In order to estimate the models a number of additional re-
strictions have to be added to the model. These are presented
in the next section. A similar procedure has already been
presented and applied in the context of mixed mode research
by Klausch et al. (2013).
The measurement model can also be conceptualized as
one composed of three parts: random error, systematic error
and the substantive part. Thus, differences between groups
in loading or variance of random error indicate that there is
unequal reliability across groups (K. Bollen, 1989), the in-
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tercept or thresholds are linked to systematic error (Chen,
2008), while the rest of the constraints are linked to sub-
stantive variance. Applying equivalence testing to the mode
design comparison can make possible the identification of
mode design effects on the two types of measurement error.
This would help pinpoint the differences between the two de-
signs and indicate possible causes. Furthermore, when the
comparison of the groups is supported by randomization, all
the differences can be associated with the mode design sys-
tem (Biemer, 2001).
With SEM it is also possible to estimate individual change
in time by using Latent Growth Models (LGM, K. A. Bollen
& Curran, 2005). These have been developed to estimate
both within and between variation and are equivalent to a
multilevel model with a random intercept and slope. The
LGM estimates the means for the intercept and slope la-
tent variables (i.e., intercept and a slope for time in a mul-
tilevel/hierarchical model), their variances (i.e., random in-
tercepts and slopes for time) and the correlation between the
two. Combining the LGM with equivalence testing makes
it possible to evaluate the degree to which the estimates of
change in time are equal between the groups. When applying
this approach to a mode design comparison in panel data, we
are able to investigate how much the switch in data collection
approach biases individual estimates of change.
3.2 Analytical approach
The analysis will be carried out in three main steps. The
first one will evaluate, using CFA, the fit of the theoretical
model of the SF12 to the UKHLS-IP data. The best-fitting
model will be used for the equivalence testing in the second
step. This will be done in order to gauge mode design effects
in the random and systematic parts of the model. The proce-
dure will be repeated in each of the four waves. The analysis
in the first wave will provide a test of randomization, as no
differences are expected before the treatment. On the other
hand, the equivalence testing in waves three and four will
evaluate the lasting effects of mixing modes on the measure-
ment model. Any differences in these waves can be linked
to effects of mode design on attrition or panel conditioning.
The last stage of the analysis will evaluate the impact of the
mixed mode design on estimates of change by testing the
equivalence of the LGM for each variable of the SF12.
In order to evaluate the similarity of the SF12 measure-
ment model across mode designs, seven models for each
wave will be tested. The cumulative equality constraints ap-
plied to the model are:
• Model 1: same structure (configural invariance);
• Model 2: loadings (metric invariance);
• Model 3: thresholds (scalar invariance);
• Model 4: error variances (equal random error);
• Model 5: latent variable variances;
• Model 6: correlations;
• Model 7: latent variable means.
The models represent different degrees of equivalence
and, as a result, of different mode design effects. Thus, if
the best fitting model is Model 1, then all the coefficients are
different across mode designs. While, at the other extreme,
if Model 7 is the best one, then there are no mode design
effects. Model 4 is an intermediate step and if it is found to
be the best fitting one it means that random and systematic
error are the same across mode designs, but the substantive
coefficients are not.
In order to evaluate the impact of mode design on esti-
mates of change, the third step in the analysis, the following
models will be applied to each of the SF12 variables. The
cumulative equality constraints applied to the LGM in the
two mode designs are:
• Model 1: no constraints;
• Model 2: slope means;
• Model 3: slope variance;
• Model 4: correlation between intercept and slope.
Here, again, if Model 1 is the best fitting model then all the
change estimates are different across mode designs, while if
Model 4 is chosen then there are no mode design effects in
estimates of change.
The mean and variance of the intercept latent variable will
not be tested. Firstly, the mean of the intercept latent variable
is assumed to be 0 in the LGM. Secondly, we do not expect
any differences at the starting point between the two groups
because the same mode design was applied, and selection in
the mixed mode experiment was randomized. On the other
hand, the equality of the relationship between change in time
and the starting point can be tested using Model 4.
In order to estimate these models we will be using
Mplus 7 (L. Muthén & B.O. Muthén, 2012) with Weighted
Least Squares Means and Variance (WLSMV, Asparouhov
& Bengt Muthén, 2010; Millsap & Yun-Tein, 2004; Bengt
Muthén, du Toit, & Spisic, 1997). This estimation approach
can take into account the ordinal character of the data. No
weighting will be used.1
Equivalence testing can be complicated when applied to
ordinal data. This is true for the variables that are analyzed
here. In this case a number of restrictions have to be used.
Here we will use the Theta approach (Millsap & Yun-Tein,
2004; B.O. Muthén & Asparouhov, 2002). This implies
adding the following constraints to the models in order to
have convergence:
• all intercepts are fixed to 0;
1The current study is concerned with the overall effect of using
a mixed mode as opposed to a single mode design. As such it is
focused on how the two samples compare to each other without any
other correction. Additionally, the development and use of weights
varies considerable by country, data collection agency and field of
research. As such, we believe that this approach will provide more
generalizable findings.
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• each item will have one threshold equal across groups;
• one item for each latent variable will have two equal
thresholds across groups;
• for LGM, all the thresholds of the observed items are
equal across groups.
For more details about the statistical procedures used for
equivalence testing see Millsap and Yun-Tein (2004), Mill-
sap (2012) and B.O. Muthén and Asparouhov (2002).
4 Analysis and Results
The first step of the analysis will explore to what degree
the theoretical model of the SF12 is found in the UKHLS-
IP. Although the SF12 is widely used both in health and the
social sciences, CFA is rarely used to evaluate it. The the-
oretical model will be tested using the first wave, with the
entire sample of UKHLS-IP. Additional relationships, such
as correlated errors or cross-loadings, will be added using
Modification Indices and goodness of fit evaluation. The fi-
nal model selected in the first wave will be tested in the next
three waves in order to have a confirmatory testing approach
and avoid capitalization on chance.
The SF12 theoretical model put forward by Ware et al.
(2007) is presented in Figure A1. As opposed to the SF36,
the subdimensions are only measured by one or two variables
(see Table 1) and, thus, are not reliable enough to be esti-
mated individually. As a result, the two main dimensions,
physical and mental health, will be estimated using latent
variables, each with six indicators.
This is the first model tested and presented in Table
2.2 The model has a moderate fit, with the CFI indicat-
ing good fit (Hu & Bentler, 1999), 0.977, while the RM-
SEA indicating poor fit, 0.103. Using the biggest Modifi-
cation Indices, which are also theoretically consistent, we
add cross-loadings and correlated errors. To ensure that
there is appropriate power to identify misspecifications we
also calculate the power estimates put forward by W. E.
Saris, Satorra, and van der Veld (2009) as implemented in
the JRule program. The ∆ χ2 method, difference in χ2 and
degrees of freedom between nested models, is used to test
whether the newly added coefficient significantly improves
the model. The Mplus function DIFFTEST is used here
and the next sections for the ∆ χ2 method, because of the
WLMSV estimation. This uses a model specific correction
in the estimation of the ∆ χ2. For more details refer to:
http://www.statmodel.com/chidiff.shtml.
Using this procedure on the first model we identify a
cross-loading for SF6b (’Lot of energy’) with "Physical" as
having the highest Modification Index, 418.9, with an ex-
pected value for the parameter 0.76. The power of this test is
of 0.768. Freeing this parameter improves the model signifi-
cantly, leading to a χ2 of 1143.047 and ∆ χ2 of 158.828 with
1 degree of freedom. This procedure is repeated until the
final model (which is also presented in Figure A1) is found.
All the new relationships lead to significant improvements in
fit and appropriate power is present for all the Modification
Indices estimated, these ranging from approximately 0.8 to
1. The final model has a good fit both for RMSEA (0.033)
and CFI (0.998) and also fits well in waves two, three and
four.
While a number of new relationships have been added
to the initial model, most of them have theoretical founda-
tions or have been found in previous research. For exam-
ple, two of the correlated errors are present between items
that measure the same subdimensions: role physical and role
emotional. The third correlation, between SF6a and SF6b,
has not been found previously but may be due to the simi-
lar wording (as in the case of Maurischat, Herschbach, Pe-
ters, & Bullinger, 2008) or the proximity. Also, some of
the cross-loadings found here were highlighted by previous
research on the scale (Cernin, Cresci, Jankowski, & Licht-
enberg, 2010; Resnick & Nahm, 2001; Rohani, Abedi, &
Langius, 2010; Salyers, Bosworth, Swanson, Lamb-Pagone,
& Osher, 2000). Finally, some of the cross-loadings may be
due to the vague words used in the items, which may be as-
sociated both with physical and mental health, such as those
found in role emotional, vitality and social functioning di-
mensions.
4.1 Equivalence testing across the four waves
Using the model chosen in the previous subsection (em-
pirical model in Figure A1) we will test the cumulative con-
straints of the measurement model across the two mode de-
signs using the sequence presented in Section 3.2. The first
wave will be analyzed in order to test the randomization into
the treatment. Because everything is the same between the
groups in wave one, before the mixed mode design was im-
plemented, no differences are expected in the measurement
model. Table 3 shows the results of this analysis. The base-
line model, which does not impose any equality constraints
between the two groups but assumes that the model found
in the previous section holds for both, has a good fit with a
χ2 of 189.71, RMSEA of 0.036 and CFI of 0.997. Impos-
ing Metric invariance, equal loadings between groups, does
not significantly worsen the model (∆ χ2 of 20.3 with 16 df).
Repeating the procedure indicates that all constraints hold in
2The use of fit indicators in the SEM is part of a lively debate
that has developed an array of new indicators as well as refute most
of them. For example, χ2 is limited by susceptibility to sample size
and deviations from multivariate normality while other indicators,
such as RMSEA, have low performances in models with few de-
grees of freedom (Kenny, Kaniskan, & McCoach, 2014). In this
paper we aim to ameliorate the situation by using a number of fit
indicators together as well as evaluating relative improvement in fit
as opposed to absolute fit. Thus, the focus here will lies in differ-
ences in χ2 between models as well as improvements in the other fit
indicators, namely CFI and RMSEA.
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Table 3
The equivalence of the SF12 health scale across mode designs in the four waves of
UKHLS-IP is tested. The mixed mode design has an effect on the threshold of SF6a in
wave two and in the next wave on SF4b.
Model χ2 df RMSEA CFI ∆χ2 df p
Wave 1
Baseline by mode design 189.71 90 0.036 0.997
Metric invariance 185.57 106 0.03 0.998 20.3 16 0.21
Scalar invariance 216.68 136 0.027 0.998 43.3 30 0.05
Eq. err variances 214.1 148 0.023 0.998 13.9 12 0.30
Eq. latent variances 194.33 150 0.019 0.999 2.11 2 0.35
Eq. correlations 190.4 154 0.017 0.999 4.42 4 0.35
Diff. latent means 201.37 152 0.02 0.999 1.33 2 0.51
Wave 2
Baseline by mode design 185.92 90 0.035 0.997
Metric invariance 180.69 106 0.028 0.998 20.6 16 0.20
Scalar invariance 219.44 136 0.026 0.998 49.1 30 0.02
Free SF6a thresholds 210.93 133 0.026 0.998 40 27 0.05
Eq. err variances 210.93 145 0.023 0.998 16 12 0.19
Eq. latent variances 184.91 147 0.017 0.999 1.1 2 0.58
Eq. correlations 184.25 151 0.016 0.999 5.69 4 0.22
Diff. latent means 193.52 149 0.018 0.999 1.33 2 0.52
Wave 3
Baseline by mode design 211.97 90 0.049 0.998
Metric invariance 199.97 106 0.039 0.998 19.7 16 0.23
Scalar invariance 230.23 136 0.035 0.998 45.7 30 0.03
Free SF4b thresholds 223.48 133 0.034 0.998 38.6 27 0.07
Eq. err variances 215.37 145 0.029 0.999 10.7 12 0.56
Eq. latent variances 208.5 147 0.027 0.999 4.77 2 0.09
Eq. correlations 194.98 151 0.023 0.999 3.08 4 0.54
Diff. latent means 206.2 149 0.026 0.999 0.94 2 0.63
Wave 4
Baseline by mode design 210.04 90 0.05 0.996
Metric invariance 193.7 106 0.035 0.998 17 16 0.38
Scalar invariance 205.37 136 0.031 0.998 32.3 30 0.35
Eq. err variances 211.84 148 0.029 0.998 18 12 0.12
Eq. latent variances 212.74 150 0.028 0.998 5.76 2 0.06
Eq. correlations 211.41 154 0.027 0.998 7.79 4 0.10
Diff. latent means 226.98 152 0.031 0.998 0.61 2 0.74
Gray background indicates freely estimated coefficients.
wave one of the data, meaning that the measurement model is
completely equivalent between the two mode designs. This
implies that random and systematic error, but also substantial
coefficients like the mean of the latent variables, are equal
across the two groups.
Next, the wave two data is analyzed. This is the wave in
which the mixed mode design was implemented and where
the biggest differences are expected. The results show that
the metric equivalence, equal loadings, is reached. The
model has a RMSEA of 0.028 and a CFI of 0.998 and a
∆ χ2 of 20.6 with 13 df. On the other hand, scalar equiva-
lence, equal thresholds, is not reached as the ∆ χ2 is signif-
icant (49.1 with 30 df). By investigating the Modification
Indices and the differences in thresholds, SF6a, ’Felt calm
and peaceful’, is identified as the potential cause. When this
threshold is freed the ∆ χ2 test is not significant (40 with 27
df), indicating that there is partial scalar invariance for all
variables except SF6a (Byrne et al., 1989). The rest of the
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constraints imposed hold, indicating that the only difference
in the measurement model between the two mode designs is
in the thresholds of SF6a.
Using the same procedure in wave three indicates that
metric invariance holds as it does not significantly worsen
the Baseline model (∆ χ2 19.7 and 16 df). On the other hand
Scalar invariance, equal thresholds, does not hold (∆ χ2 45.7
with 30 df). Investigating the Modification Indices identifies
SF4b, ’Did work less carefully’, as the potential cause. When
all the thresholds are constrained to be equal across groups
except SF4b the ∆ χ2 is not significant anymore (40 with 27
df). Once again, the rest of the coefficients are equal across
the two groups. Because the same data collection was used
in this wave (i.e., CAPI), differences can only be caused by
the interaction of mode design and attrition or panel condi-
tioning.
The evaluation of the fourth wave indicates that there is
complete equivalence across the two mode designs. This
means that any differences caused by the mode design on
the measurement model disappeared after two waves.
Having a closer look at the two significant differences
found in the previous analyses reveals that the thresholds for
SF6a in wave two are larger for the mixed mode design (Ta-
ble 4). As mentioned before these are indicators of system-
atic differences between the two designs and are the equiv-
alent of intercepts in continuous Multi Group Confirmatory
Factor Analysis. In the categorical analysis the thresholds
are indicators of the relationship between the continuous un-
observed variable and the observed scores (Millsap, 2012,
Chapter 5). Thus, in the case SF6a in wave two we observed
equality for the first threshold (indicated by "$1"), which is
done in order to estimate the model (see Section 3.2), but for
the rest we see that the mixed mode has larger values than
the single mode. This indicates that even after controlling
for true mental health, respondents in the mixed mode design
tend to select more the first categories than those in the face
to face single mode.
The differences found in the thresholds can be caused ei-
ther by measurement, selection or an interaction of the two.
Unfortunately they cannot be empirically disentangled using
this research design. When considering measurement two
main explanations appear: social desirability (Chen, 2008)
and acquiescence. Due to the wording of the question, a
higher score is equivalent to lower social desirability. As a re-
sult, if this is indeed the cause, then the mixed mode design,
with the use of CATI, leads to less socially desirable answers.
On the other hand, if acquiescence is the main cause, the
systematic error is bigger in the mixed mode design. Alter-
natively, the difference may also mean that the CATI-CAPI
sequential design tends to select more people who feel less
often calm and peaceful (i.e., poorer mental health). Lastly,
an interaction of the two explanations is also possible. For
example, the mixed mode design may select fewer people
Table 4
Mixed modes overestimate the threshold of
SF6a compared to the single mode in wave
two and underestimates the threshold of
SF4b in wave three.
Threshold Mixed mode Single mode
Wave 2
SF6a$1 −1.718 −1.718
SF6a$2 0.431 0.320
SF6a$3 1.536 1.349
SF6a$4 2.570 2.124
Wave 3
SF4b$1 −4.472 −4.472
SF4b$2 −3.985 −3.254
SF4b$3 −2.389 −2.231
SF4b$4 −1.151 −1.122
who tend to respond in a socially desirable way.
In wave three, the thresholds of SF4b (’Did work less
carefully’) are significantly different between the two groups
(Table 4). Once again, the respondents that took part in the
mixed mode design in wave two tend to prefer the first an-
swer categories (worse health) compared to those in the sin-
gle mode. Because the measurement was the same in this
wave for both groups (i.e., CAPI), there are two possible
explanations: attrition or panel conditioning. The latter is
theoretically associated with increase reliability in time (e.g.,
Sturgis et al., 2009), which would not explain differences in
systematic error. As a result, the main theoretical explana-
tion may be the different attrition patterns. This hypothesis
is also supported by previous research (Lynn, 2013) which
found different attrition patterns resulting from the mixed-
mode design which disappears by wave four.
4.2 Equivalence of latent growth models
Next, for each variable of the SF12, the LGM presented
in Section 3.2 are tested using the ∆ χ2 method. For ex-
ample, the Growth Model for SF6a (Table 5) has a good fit
for the Baseline model, which does not impose any equality
constraints between the two mode designs, RMSEA of 0.03
and CFI of 0.989. Imposing equal mean slope of change for
the two groups does not significantly worsen the model (∆ χ2
1.04 with 1 df) while imposing equal variance of change, the
equivalent of a random slope for time, leads to a significant
∆ χ2 (6.92 with 1 df). Lastly, imposing equal correlations
between the intercept and the slopes does not reduce the fit
significantly (∆ χ2 2.55 with 1 df).
The results indicate that four variables differ in their esti-
mates of individual change (Table 5): SF6a (’Felt calm and
peaceful’), SF6c (’Felt downhearted and depressed’), SF6b
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(’Lot of energy’) and SF7 (’Social impact II’) while the rest
are the same (Table A1). The first two are part of the same
subdimension, mental health, while SF6b measures vitality
and SF7 social functioning. All four are part of the men-
tal dimension of the SF12 and differ in the same coefficient,
the variance of the slope parameter (i.e., random effect for
change in time).
A more detailed look indicates that the mixed mode de-
sign leads to the overestimation of individual change for all
four variables: 0.116 versus 0.047 for SF6a, 0.078 versus
0.025 for SF6b, 0.108 versus 0.017 for SF6c and 0.134 ver-
sus 0.006 for SF7. A number of factors may explain the pat-
tern. Firstly, the switch of mode may lead to changes that are
not substantial (i.e., measurement noise) and, thus, biasing
the estimates of change. Alternatively, the change of mode
design can cause a decrease in panel conditioning, this, in
turn, leading to a less stable change in time estimates. This
seems less probable given Section 4.1 and previous research
on this data. For example, Cernat (2014) has shown that
SF12, together with 20 other variables available in all the first
four waves of the UKHLS-IP, have the same reliability in the
face to face single mode design as in the mixed mode CATI-
CAPI design. Lastly, non-response or attrition may cause
a mode design effect that also impacts estimates of change.
Previous research by Lynn (2013) has shown some effects of
non-response in wave two on age, household type and car
ownership, although these tend to disappear by wave four.
5 Conclusions and discussion
Overall the results show small differences between the
two mode designs. When the modes are mixed (wave two
of UKHLS-IP) significant differences are present only for
one variable out of 12 (SF6a, ’Felt calm and peaceful’), with
higher threshold for the mixed mode design. Two main ex-
planations are put forward: measurement, through social de-
sirability or acquiescence, and selection. Depending on the
reference design, the systematic bias can be higher in ei-
ther the mixed mode design (in case of acquiescence), or the
single mode design (in case of social desirability). Alterna-
tively, the mode design effect may be caused by non-response
bias. The latter explanation is also partially supported by pre-
vious research (Lynn, 2013) and by the effect found in wave
three.
Looking at the waves after the change to a mixed mode
design was implemented shows, once again, either small or
no differences. The only discrepancy appears in the thresh-
old of a different variable, SF4b (’Did work less carefully’),
in wave three. Here, because the same data collection pro-
cedure was used, two main explanation present themselves:
attrition or panel conditioning. Theoretical and empirical re-
sults presented in the previous section support the former ex-
planation.
The equivalence testing of the LGM shows that four of
the SF12 variables have mode design effects in their esti-
mates of individual change. For all four of them the same
coefficient is biased in the same direction. It appears that for
these items the mixed mode design overestimates variation of
individual change. All four variables measure the same di-
mension, mental health, and use vague and subjective terms
such as: calm, peaceful, a lot of energy or downhearted and
depressed. One possible explanation can be that the mixed
mode design adds extra noise that leads to overestimation of
change in time. This may be especially the case for questions
regarding subjective/attitudinal measures. Alternatively, the
non-response bias observed in other studies may cause this
pattern (Lynn, 2013).
The results of the study have a series of implications for
surveys that plan to use mixed mode designs and for survey
methodology more generally. On the one hand, it appears
that the mixed mode design (CATI-CAPI) has a small im-
pact on the measurement (compared to CAPI). Nevertheless,
when a mode design effect appears it may be persistent, al-
though there is evidence that these tend to disappear after two
waves similar to the findings of, Lynn (2013).
Secondly, mixed mode designs can have an effect on es-
timates of individual change. While this effect was found
in four out of the 12 variables analyzed, the differences can
be up to six times larger in the mixed mode design. This
change in mode design may lead to the overestimation of the
variance of individual change in time (i.e., how different the
change in time is between people). Attitudinal, subjective
items may be especially prone to such effects.
Lastly, the paper has proposed two new ways of looking
at mode design effects using equivalence testing in longi-
tudinal data. Both of them can be used either with quasi-
experimental designs or with other statistical methods that
aim to separate selection and measurement. Equivalence
testing with CFA has already proved useful in the mixed
mode literature when applied to cross-sectional designs, such
as those used by the European Social Survey mode experi-
ments (Martin, 2011; M. A. Révilla, 2013).
As any study, the present one has a series of limitations.
The first one refers to the design used by the UKHLS-IP.
While it gives the opportunity to see the lasting effects of
mixing modes, it is not a very common design. It is more
likely that surveys will continue to use the mixed mode de-
sign after such a change takes place and not move back to a
single mode design after one wave, as in the data used here.
That being said there are examples of surveys that followed
such a move. For example, the National Child Development
Study will move back to a single mode after just one wave of
using the mixed mode design.
Also, the paper does not aim to disentangle measurement
and selection effects. While the use of randomization is
used to associate the differences found to the mode design,
other statistical models are needed to distinguish between
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Table 5
For three out of the 12 items tested the mixed mode design has significantly different
variance of the slope.
Model χ2 df RMSEA CFI ∆χ2 df p
Variable SF6a
Baseline by mode design 53.442 30 0.03 0.989
Equal mean of slope 51.64 31 0.027 0.991 1.04 1 0.31
Equal variance of slope 58.717 32 0.031 0.988 6.92 1 0.01
Equal correlation 58.343 33 0.029 0.988 2.55 1 0.11
Variable SF6b
Baseline by mode design 94.013 30 0.049 0.985
Equal mean of slope 83.347 31 0.043 0.988 1.86 1 0.17
Equal variance of slope 87.49 32 0.044 0.987 4.49 1 0.03
Equal correlation 78.601 33 0.039 0.989 0.01 1 0.92
Variable SF6c
Baseline by mode design 44.123 30 0.023 0.993
Equal mean of slope 42.992 31 0.021 0.994 0.69 1 0.41
Equal variance of slope 51.625 32 0.026 0.991 8.98 1 0.00
Equal correlation 48.285 33 0.023 0.993 1.43 1 0.23
Variable SF7
Baseline by groups 51.677 30 0.028 0.99
Equal mean of slope 50.168 31 0.026 0.991 0.18 1 0.68
Equal variance of slope 61.6 32 0.032 0.986 9.57 1 0.00
Equal correlation 51.029 33 0.025 0.991 0 1 0.96
Gray background indicates unequal coefficients.
measurement and selection into mode (e.g., P. J. Lugtig,
Lensvelt-Mulders, Frerichs, & Greven, 2011; Schouten, van
den Brakel, Buelens, van der Laan, & Klausch, 2013; Van-
nieuwenhuyze & Loosveldt, 2012). Here only theoretical ar-
guments and previous empirical work are explored as poten-
tial explanations. Additionally, the study analyses one type
of scale (health related) with a particular type of mixed mode
design (sequential) and a specific mix of modes (CATI and
CAPI) in UK. As such, future research is needed to see if the
findings are generalizable to other contexts.
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Appendix
Question wording
SF1. In general, would you say your health is?
Excellent
Very good
Good
Fair
Poor
The following questions are about activities you might do
during a typical day. Does your health now limit you in these
activities? If so, how much?
SF2a. Moderate activities, such as moving a table, pushing
a vacuum cleaner, bowling, or playing golf.
SF2b. Climbing several flights of stairs.
Yes, limited a lot
Yes, limited a little
No, not limited at all
During the past 4 weeks, how much of the time have you
had any of the following problems with your work or other
regular daily activities as a result of your physical health?
SF3a. Accomplished less than you would like.
SF3b. Were limited in the kind of work or other activities.
All of the time
Most of the time
Some of the time
A little of the time
None of the time
During the past 4 weeks, how much of the time have you
had any of the following problems with your work or other
regular daily activities as a result of any emotional problems
(such as feeling depressed or anxious)?
SF4a. Accomplished less than you would like.
SF4b. Did work or other activities less carefully than usual.
All of the time
Most of the time
Some of the time
A little of the time
None of the time
SF5. During the past 4 weeks, how much did pain interfere
with your normal work (including both work outside the
home and housework)?
Not at all
A little bit
Moderately
Quite a bit
Extremely
These questions are about how you feel and how things have
been with you during the past 4 weeks. For each question,
please give the one answer that comes closest to the way you
have been feeling. How much of the time during the past 4
weeks...
SF6a. Have you felt calm and peaceful?
SF6b. Did you have a lot of energy?
SF6c. Have you felt downhearted and depressed?
All of the time
Most of the time
Some of the time
A little of the time
None of the time
SF7. During the past 4 weeks, how much of the time has your
physical health or emotional problems interfered with your
social activities (like visiting with friends, relatives, etc.)?
All of the time
Most of the time
Some of the time
A little of the time
None of the time
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Table A1
Estimates of individual change are equal across the two mode designs for nine out
of twelve SF12 items.
Model χ2 df RMSEA CFI ∆χ2 df p
Variable SF1
Baseline by groups 104.66 30 0.053 0.995
Equal mean of slope 81.63 31 0.043 0.996 0.01 1 0.92
Equal variance of slope 81.893 32 0.042 0.997 1 1 0.32
Equal correlation 78.216 33 0.039 0.997 2.78 1 0.10
Variable SF2a
Baseline by groups 55.095 16 0.052 0.994
Equal mean of slope 54.274 17 0.05 0.994 0.03 1 0.25
Equal variance of slope 51.408 18 0.046 0.995 1 1 0.64
Equal correlation 41.072 19 0.036 0.997 1.05 1 0.90
Variable SF2b
Baseline by groups 47.637 16 0.047 0.996
Equal mean of slope 46.567 17 0.044 0.997 0.17 1 0.68
Equal variance of slope 44.856 18 0.041 0.997 0.19 1 0.66
Equal correlation 36.992 19 0.033 0.998 1.12 1 0.29
Variable SF3a
Baseline by groups 91.3 30 0.048 0.983
Equal mean of slope 86.036 31 0.045 0.985 1.34 1 0.25
Equal variance of slope 85.085 32 0.043 0.985 0.22 1 0.64
Equal correlation 68.571 33 0.035 0.99 0.02 1 0.90
Variable SF3b
Baseline by groups 84.511 30 0.045 0.988
Equal mean of slope 81.492 31 0.043 0.989 1.74 1 0.19
Equal variance of slope 80.63 32 0.041 0.99 1.32 1 0.25
Equal correlation 62.981 33 0.032 0.994 1.06 1 0.30
Variable SF4a
Baseline by groups 95.329 30 0.049 0.958
Equal mean of slope 92.135 31 0.047 0.961 0.08 1 0.78
Equal variance of slope 92.148 32 0.046 0.962 1.19 1 0.28
Equal correlation 77.391 33 0.039 0.972 1.1 1 0.30
Variable SF4b
Baseline by groups 68.638 30 0.038 0.962
Equal mean of slope 68.901 31 0.037 0.963 2.19 1 0.14
Equal variance of slope 68.28 32 0.036 0.965 0.45 1 0.50
Equal correlation 60.74 33 0.031 0.973 1.11 1 0.29
Variable SF5
Baseline by groups 65.812 30 0.037 0.987
Equal mean of slope 62.807 31 0.034 0.988 0.47 1 0.49
Equal variance of slope 62.107 32 0.032 0.989 1.1 1 0.29
Equal correlation 52.172 33 0.025 0.993 0.08 1 0.78
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Figure A1. The theoretical model of the SF12 does not fit the UKHLS-IP data. A number of cross-loadings and correlated
errors are evident in the data.
